The General Linear Model (GLM), has been used to analyse simultaneous EEG-fMRI to reveal BOLD changes linked to interictal epileptic discharges (IED) identified on scalp EEG. This approach is ineffective when IED are not evident in the EEG. Data-driven fMRI analysis techniques that do not require an EEG derived model may offer a solution in these circumstances. We compared the findings of independent components analysis (ICA) and EEG-based GLM analyses of fMRI data from eight patients with focal epilepsy. Spatial ICA was used to extract independent components (IC) which were automatically classified as either BOLD-related, motion artefacts, EPIsusceptibility artefacts, large blood vessels, noise at high spatial or temporal frequency. The classifier reduced the number of candidate IC by 78%, with an average of 16 BOLD-related IC.
Introduction
In some patients with drug resistant focal epilepsy, surgical resection offers the possibility of seizure control. If the focus is not adequately localised non-invasively, with MRI and scalp EEG, intra-cranial electroencephalography (icEEG) using subdural or intracerebral electrodes may be necessary to define the zone of seizure onset. This procedure is invasive and may fail to identify the epileptogenic zone, in part because of the limited spatial sampling of intracranial electrodes.
Functional MRI enables the non-invasive observation of brain activity with relatively high spatial resolution over the whole brain. EEG-correlated fMRI (EEG-fMRI) has shown promise in epilepsy. Using EEG-fMRI, regions of brain activation and deactivation have been demonstrated in relation to interictal and ictal epileptic discharges, providing a new form of localising information (Hamandi et al., 2004; Gotman et al., 2006; Laufs and Duncan, in press ). It has been suggested that this type of information could be useful to plan or even to remove the need for intracranial EEG in some cases (Allen et al., 2000; Lemieux et al., 2001) . The standard analysis of EEG-fMRI data is based on the identification of interictal epileptiform discharges (IED) on scalp EEG which are used to build a General Linear Model (GLM) of the fMRI signal changes. In brief, a model is obtained by convolution of the EEG events, which are represented as stick functions or blocks, with a haemodynamic response function; maps showing regions of significant IED-related change are obtained through voxel-wise fitting of the model and application of appropriate statistical thresholds (Lemieux et al., 2001; Benar et al., 2002; Salek-Haddadi et al., 2003; Hamandi et al., 2004; Gotman et al., 2006) .
Reliance on scalp EEG for the modelling of BOLD changes throughout the brain is useful to demonstrate hemodynamic changes related to specific EEG patterns, but has limitations, because:
1) The number of EEG events recorded during a 10-40 minute fMRI acquisition must be sufficient for efficient model estimation. The EEG/GLM approach cannot be used when no or too few interictal epileptic discharges (IED) are detected during the fMRI experiment, which is not uncommon (Krakow et al, 1999; Gotman et al, 2004; Salek-Haddadi et al., 2006; Di Bonaventura et al., 2006) .
2) The scalp EEG has limited sensitivity, particularly for activity originating deep in the brain (Tao et al., 2005; Ray et al., 2007) , with a resultant bias towards the detection of superficial IED. Furthermore it is well known that epileptic activity originating from deep brain structures in many cases can not be recorded on the scalp EEG (Niedermeyer and Lopes da Silva, 2004) .
3) Any epilepsy-related activity which is not detected by scalp EEG will not be modelled, with a potentially significant impact on the technique's sensitivity.
In such circumstances, data-driven fMRI data analysis techniques may provide a way forward (Morgan, et al., 2004) as they are not constrained by a fixed hypothesis. This may be particularly beneficial in cases where no hypothesis is available for example in the absence of discharges on the scalp EEG.
ICA is increasingly recognised as a useful fMRI data-driven analysis tool (McKeown et al., 1998; Formisano et al., 2004; Beckmann and Smith 2005) . Not being reliant on prior hypotheses, ICA of fMRI has the potential to identify a greater proportion of the BOLD signal variations. The main advantage of this method is that it represents the original functional time series as a set of independent components (IC), which may separate meaningful neurophysiological sources and artefacts. The lack of a prior hypothesis renders interpretation of the results difficult, therefore they can be considered as a method to generate new hypotheses. Some authors combine ICA with a GLM for fMRI analysis, using IC as GLM regressors (McKeown 2000; Hu et al., 2005; Mirsattari et al., 2006) . Since correlation with an experimental paradigm is a criterion for selection of IC to build a GLM, the core problem of IC interpretation is not tackled in these techniques. The idea of sequential application of spatial and temporal ICA in order to reveal epilepsy-related IC has been suggested, but not evaluated (Chen et al., 2006 ).
An automated characterisation technique has been introduced and implemented to reduce the number of meaningful IC that require further evaluation (De Martino et al., 2007) . In this method, the classification of patterns as BOLD-like relies on a set of spatial and temporal characteristics derived from data acquired in normal healthy subjects. In the context of epilepsy, it has been suggested that the time course of IED-related BOLD changes may deviate from the canonical shape (Diehl et al 2004; Salek-Haddadi et al 2003) . However, the IED-related response has been shown to be primarily canonical (Salek-Haddadi et al., 2006; Lemieux et al, 2007) and any deviation is likely to reflect scalp EEG bias rather than coupling or vascular abnormalities (Lemieux et al, 2007; Hawco et al., 2007) .
Our goal is to assess the potential of ICA to identify epileptic activity in fMRI datasets acquired in patients with focal epilepsy by comparing the results with the patterns identified using a GLM-base approach (based on EEG abnormalities seen on scalp EEG) in cases with clear electroclinical localisation. One of the problems of ICA is the potentially large number of components that require interpretation (Beckmann and Smith, 2004) . In this study, we applied the method of spatial ICA to fMRI data and used an automated classification approach (De Martino et al., 2007) , independent of the EEG, to reduce the number of components that are likely to represent epileptic activity. We have chosen to use the classifier as currently trained using data in healthy subjects for this initial study, based on the general normality of the spike-related BOLD response as described above. Then we determined whether the selected components included IED-related spatio-temporal patterns by comparing them with the results of the EEG-based GLM analysis of the same data, resulting in a set of IED-related independent components.
Methods
The fMRI data were analysed using two methods and the results compared: 1) ICA without reference to the simultaneously recorded EEG, and 2) the EEG-based GLM approach (IEDcorrelated fMRI).
ICA of fMRI Data
Spatial Independent Component Analysis was performed with Brain Voyager QX software (Brain Innovation, Maastricht, Netherlands). The mathematical details of the ICA for fMRI are described elsewhere (McKeown, et al., 1998 (McKeown, et al., , 2003 . Details of implementation of ICA in BrainVoyager QX are described in (Formisano et al., 2004) .
In summary, the ICA decomposition can be expressed as:
X=AS
where X is the measured fMRI signal, S the spatial maps of the decomposition and A, the timecourses defining the relative weighting of the spatial maps throughout the experiment. We estimated A and S, using the hierarchical (deflation) mode of the FastICA algorithm (Hyvärinen, 1999) , after reduction of the temporal dimension of the data set with principal component analysis to 80
dimensions. This number of dimensions was selected after a preliminary analysis in which we performed consecutive decompositions and verified that the number of IC classified as BOLD was stable and spatiotemporal characteristics of those IC did not change significantly while increasing the number of IC in the decomposition.
Classification of Independent Components
After decomposition automatic IC classification was applied (De Martino et al., 2007) resulting in the following set of labels: 1) The 'BOLD' class, which included components that are thought to consistently reflect task-related, transiently task-related and brain state-related (e.g. default state) neuronal activity; 2) residual motion artefacts; 3) EPI-susceptibility artefacts; 4) physiological noise; 5) noise at high spatial frequency; and 6) noise at temporal high frequency.
The classifier is the result of training with a dataset from healthy volunteers (De Martino et al., 2007) and is designed to be inclusive rather than restrictive with respect to BOLD components, in order to reduce the probability of misclassification of BOLD-related IC. Furthermore, it has the ability to reveal stereotypical components of normal brain activity such as the so-called 'default mode' network (Schmithorst et al., 2004; Greicius and Menon, 2004) , and sensory components reflecting connectivity during rest (Van de Ven et al., 2004) . The BOLD components were further classified into the following sub-types by visual inspection:
1. Stereotypical of normal brain activity; 2. Misclassified; 3. Other.
The misclassified type contains those with patterns corresponding to one of the following effects (De Martino et al., 2007) : motion, blood vessels, spatially distributed and high frequency noise. We hypothesised that IC classified as 'Other' would contain IC related to IED and form the set of candidate components.
GLM-based analysis of EEG-fMRI data
A GLM-based analysis (Frackowiak et al., 2003) of the fMRI datasets was performed with Brain Voyager QX software based on the identification of IED on the scalp EEG. Two trained observers coded the EEGs together resulting on a consensus for the entire recordings. Data preprocessing consisted of scan realignment and smoothing using an 8mm kernel (Frackowiak et al., 2003) . The GLM comprised: HRF-convolved IED-related effects (Salek-Haddadi et al., 2006) ; motion effects (a combination of Volterra expansion of the 6 scan realignment parameters) (Friston et al., 1996; Lemieux et al., 2007) and scan nulling of head jerks (Salek-Haddadi et al., 2006; Lemieux et al., in press ). Statistical parametric maps (SPM) of activation were obtained by testing for positive BOLD changes using p<0.05 (Bonferroni corrected). The set of EPI images was coregistered with the T1 volume dataset scaled to Talairach space by means of rigid body transformation for visualisation. In these cases, positive BOLD responses were found consistently corresponding to the electro-clinical findings in line with our findings in a larger series (SalekHaddadi et al., 2006) . This is in contrast to the negative BOLD changes, which are generally more remote from the presumed generator. Therefore, only positive IED-related BOLD changes were considered in this study.
Comparison of ICA and GLM-based results
The values of the particular IC map represent the relative amount a given voxel is modulated by the activation of that component. To identify significantly contributing voxels, ICA maps were 
Discussion
We analysed the results of ICA decomposition of fMRI data in patients with focal epilepsy in whom EEG-fMRI had revealed GLM-derived activation patterns judged to be concordant with the epileptic focus. Using automated component classification, in 7/8 cases it was possible to identify one or two IC which corresponded to GLM activations.
Methodological issues
The classifier we used was trained on data from healthy subjects in a block-designed visual experiment, which may be suboptimal for application in patient data where spontaneous brain activity is recorded without external stimulation. Visual inspection of the components classified as BOLD by expert observers revealed that 50% of these did not correspond to BOLD effects but rather to motion, big blood vessels and high frequency noise. This represents a trade-off in favour of classifier sensitivity over specificity. In patients, fMRI data is often contaminated by motion and so caution is required when analysing and interpreting results, especially when applying data driven approaches. For example, in case # 2 with 108/450 scans modelled as head jerks, there was considerable overlap between a number of motion-related IC and the GLM result. The presence of motion-related noise risks masking genuine signal changes, particularly when temporally correlated with the events of interest.
In case #4, we concluded that the presence of motion artefact (highly significant correlation of IEDbased regressor and integral motion parameter R=-0.3, p= 2.6e-15 caused misclassification of the GLM-concordant IC (Figure 2 .4) due to high temporal frequency contamination.
We evaluated each BOLD IC based on spatial overlap with GLM activation pattern and temporal correlation with the GLM IED-derived regressor (Figure 1b) . Although the choice of spatial overlap and temporal correlation threshold values can appear arbitrary the results provide some reassurance that this approach is useful.
Interpretation of BOLD components
One of the key elements of our approach was a data reduction strategy to reduce the number of IC to be matched with the results. The first step of this was the automatic classification of IC as BOLD components. The second step was the visual identification of IC with spatial patterns typical of Resting State Networks: visual, auditory, sensory-motor and so-called Default Mode, in line with previous studies of resting state fMRI data using data-driven techniques (Beckmann et al., 2005; Fransson, 2005; Fox et al., 2005; Laufs et al., 2006) . We note the asymmetry in the DMN in case #2 which may reflect pathology of the right hemisphere (Figure 3 .2).
The remaining BOLD IC formed the set of components which comprised epilepsy-related components (in 7/8 cases) and components for which we could not find an interpretation. Examples of such IC are shown in Figure 4 . Some of the un-interpreted IC (i.e. that did not satisfy both the spatial and temporal matching criteria) had a time course that was significantly correlated with the IED-derived GLM regressor, providing evidence that those IC could describe some parts of the spatial distribution of epileptogenic network. This is equivalent to sub-threshold activity from the point of view of the GLM and may therefore simply reflect differences in the way significance is established for the two methods. As an additional analysis, we studied the temporal relationship between the 'other' (potentially epileptic) IC and the relevant GLM regressor as a function of relative time lag. This has revealed significant correlation in 5 of the 7 cases in which potentially epileptic components were identified, with peak correlation at time lags ranging between -1TR and 2TR. For example, in case #5 the correlation peaked at a time lag of +1 TR, suggesting delayed BOLD changes contra-lateral to the presumed focus in relation to the ipsi-lateral BOLD effect (as revealed by the GLM) ( Figure 5 ). The significance of such lags, which may in part reflect normal variability in the haemodynamic response which may be captured using a more flexible HRF basis set, remains to be studied. Nonetheless, the additional components identified in this study illustrate an interesting aspect of data-driven analyses: that of possible added value compared to the GLMbased analysis by removing the need for tight temporal coupling between scalp EEG event and haemodynamic fluctuations. Validation of such components would require correlation with the complete characterisation of the epileptogenic network as may be obtained with intracranial EEG.
Our assumption is that epileptiform activity recorded on the scalp, and therefore which originates in the superficial cortex, does not fundamentally differ from activity that is generated deeper inside the brain (and that is not reflected on scalp EEG) at least haemodynamically. No additional potentially epilepsy-related IC were found for cases 7 and 8.
In one case (# 4) no candidate IC matched the EEG-derived pattern. Inspection of the components classified as non-BOLD revealed one for which both the spatial and temporal correspondence criteria were satisfied (Figure 2.4) : spatial overlap between the IC map and the SPM was 93% (96 voxels) of the SPM volume, the correlation of the IC time course and the IED-based regressor was R=0.26 with a very high significance (p=6.6e-12, Figure 1a ). As suggested above, this IC was probably contaminated by motion.
One of the two concordant IC in case # 5 (Figure 2 .5b) was observed in all datasets; in principle, there are two possible explanations namely that the component is commonly linked to resting state activity or to epilepsy. Its location close to the sagittal sinus, and distribution pattern suggest the former.
Biological and clinical significance
The nature of the selected cases allows us to conclude that the matching of ICA and GLM results confirms a general concordance between the identified component(s) and the generator of the IED. Patients 1, 4 and 6 were seizure free 4, 2 and 9 years respectively after left temporal lobe resection. Comparison of the fMRI and post-operative structural MRI revealed that the activated areas were resected, providing strong evidence that ICA was capable of highlighting areas of brain involved in epileptic activity in those cases.
It is important to note that none of the GLM and IC results matched perfectly. For example, only a small degree of spatial overlap between GLM results and IC maps does not preclude functional correspondence. The possible explanations for differences in spatial distribution and time course include: differences in the underlying mathematical assumptions between the models; differences in criteria for selecting significant voxels (thresholding); bias of the GLM analysis due to limited EEG sensitivity, EEG bias towards more superficial activity and subjectivity of the EEG interpretation. Thus in case #4 when increasing the threshold up to z>3.0 and further to z>4.0 there was still significant spatial overlap with the SPM, at 85% and 52% of SPM volume correspondingly.
The spatial configuration of the IC maps and the SPM appeared more similar to each other with these higher thresholds than for the case of z>2.0 shown in Figure 2 .4.
Future work
The ability of ICA to blindly decompose the time series in a set of independent (and physiologically meaningful) components makes it an attractive tool to formulate spatial hypotheses with respect to the source of IED. ICA alone, however, does not allow distinguishing IED-related activity from other BOLD related activation patterns (e.g. default mode and resting state patterns).
The next step would be to perform ICA of fMRI in patients in whom no EEG-derived model is available due to the absence of epileptic activity in the EEG data acquired during EEG-fMRI acquisition. In such cases the GLM approach is not applicable and it will be necessary to develop new methods based on other than temporal priors in order to determine which IC are epilepsyrelated. Re-training or refinement of the classifier according to resting state data in healthy subjects or epileptic patients may allow increased specificity. Additional information such as longer duration EEG recordings outside the scanner, intra-cranial EEG and surgical data may also be used. This could lead to a methodology for further reducing the number of candidate epileptiform components.
Validation could be performed based on comparison with information derived from intra-cranial EEG data and post-surgical outcome
Conclusions
We found that ICA of interictal fMRI is capable of revealing areas of epileptic activity in patients with well-characterised focal epilepsy. The automatic IC classification method used in this study resulted in a limited number of IC, hypothesised to correspond to epileptic activity. In all cases studied at least one of the IC was consistent with EEG-based BOLD activations and due to the nature of the patients selected represent epileptic regions that generate IED. In a number of cases, IC were revealed that did not correspond to the EEG-derived result but that could be the basis for further investigation, and in particular by comparison with results of other diagnostic modalities, to assess the method's ability to identify pathological changes not linked to scalp EEG abnormalities. 
